In this paper we explore the feasibility of formulating the hazard assessment procedure to include the information of past earthquakes into the probabilistic seismic hazard analysis, together with the use of an ensemble modeling technique. This strategy allows, on the one hand, to enlarge the information used in the evaluation of the hazard, from alternative models for the earthquake generation process to past shaking and, on the other hand, to explicitly account for the uncertainties. The Bayesian scheme we propose is applied to evaluate the seismic hazard of Naples. The framework in which we have embedded the tools is flexible to include all types of uncertainties. Here we focus on a sensitive study of the earthquake occurrence by implementing models that span from random to cluster-type temporal behavior and models that include quasiperiodic occurrence of earthquakes on faults. We implement five different spatiotemporal models to parameterize the occurrence of earthquakes potentially dangerous for Naples. Subsequently, we combine these hazard curves with ShakeMaps of past earthquakes that have been felt in Naples since 1200 A.D. The results are posterior ensemble hazard curves for three exposure times, e.g., 5, 10, and 50 years, in a dense grid that covers the municipality of Naples, considering rocky soil and including the site amplification. Our results show the importance to include the data from past shaking since the difference between the prior and the posterior is about 8-15% for the different exposure times.
Introduction
The quantification of the seismic hazard is based on models to describe earthquake distributions in terms of time, space, and magnitude. Probabilistic seismic hazard assessment (PSHA hereinafter) is expressed as the quantification of the probability of exceeding a given ground motion intensity value in the exposure time window in a given area [Senior Seismic Hazard Analysis Committee (SSHAC), 1997]. This approach is usually made on the basis of statistical modeling of earthquake occurrence and ground motion, where the latter is modeled through the so-called ground motion prediction equations, GMPEs, that predict the propagation of seismic waves through the Earth. In general, the PSHA explores all the available sources of earthquakes able to generate damage in the area of interest. However, the adoption of this strategy neglects the information on past shaking suffered in the area of interest which is instead included in the macroseismic intensity field on past earthquakes. In Italy, there is a long tradition on historical seismicity and the Italian Macroseismic Data Base (DBMI) [Locati et al., 2011] is one of the most complete and homogeneous archives in terms of intensity reporting the shaking of earthquakes in the Italian Peninsula since 1000 B.C.
We believe that the inclusion of data from past shaking in PSHA could improve the quantification of the hazard. In this work we focus on an approach which combines the PSHA with the past data in the site of interest. The great advantage of this approach is the capability to better quantify the uncertainties and to make use of all the available information on the shaking in Naples. The combination of seismic hazard values and past shaking data is performed through the adoption of the Bayesian approach. "Bayesian inference is the process of fitting a probability model to a set of observations and summarizing the results with a probability distribution for the parameters of the model" [Gelman et al., 2000] . Its applications span over several scientific and economical disciplines [Marzocchi et al., 2004 [Marzocchi et al., , 2008 Faenza et al., 2010; Grezio et al., 2010; Selva and Sandri, 2013] , showing some interesting aspects. The two most relevant points are the possibility to simultaneously include heterogeneous sources of information on the process under prior beliefs and observations and to estimate the uncertainty of the results obtained. In the quantification of the seismic hazard the treatment of aleatory and epistemic uncertainties is of primary importance. In particular, the aleatory uncertainty is associated to
Active Faults
In the last few years many studies have been focused on determination and definition of the seismic, volcanic, and tsunamogenic hazard in the city of Naples [Faenza et al., 2013; Selva et al., 2014; Grezio et al., 2014] . The city of Naples with its neighboring area is one of the most densely populated places in Italy. In addition, the risk is increased by type and condition of buildings and monuments in the city. In light of this, it is crucial to assess which active faults could produce an earthquake able to be felt and damage Naples and the surrounding area (dashed box "a" in Figure 1 ). Two steps are followed: (i) gather the earthquake data set from macroseismic intensity database in order to list the events that have impact on the target area since historical time; (ii) build the fault data set using seismogenic source databases and publications in order to identify the active tectonic structures responsible for each of the "impacting" events (the set includes also faults with no documented activity but potentially hazardous for the city). Our analysis leads to a geological data set for the target area, and therefore not appropriate for hazard assessment of other regions.
Earthquake Data Sets
The Italian Macroseismic Intensity Database DBMI11 ( [Locati et al., 2011] , 1000 A.D.-2006 A.D.) is our source for the selection of earthquake data. Earthquake intensities in the database follow the Mercalli-Cancani-Sieberg, MCS, scale [Sieberg, 1930] in classes spaced by one unit (i.e., Is 4, 5, and 6). The criteria used for the selection are as follows: (i) counting the events striking Naples with intensity (Is) larger than or equal to 4; (ii) discarding the events when Is < 4, Is = NF (not felt), and Is = RS (instrumental records, not suitable for microseismic study); (iii) encoding the events when simply reported as F (felt) and D (damaged), with intensity numerical values of Is = 4 and Is = 6, respectively; (iv) discarding the events likely related to phases of volcanic crisis (occurrence A.D. ages: i.e., 62, 79, 1760, 1883, 1916, and 1999) . A minimum intensity Is = 4 represents the level of shaking that can be felt, while a value of Is = 6 represents the level of shaking that could damage the buildings. Following these criteria, a total of 48 earthquakes are selected with magnitudes from 4.7 to 7.0 and Is values in Naples between 4 and 8 (Table 1 and Figure 1 ). According to the historical database, Naples felt events occurring also at large distances, the farthest at about 400 km (dashed box "b" in Figure 1 ). We include Journal of Geophysical Research: Solid Earth 10.1002/2016JB013507 Figure 1 . Spatial distribution of the seismic events felt in the city of Naples (DBMI11 catalog) [Locati et al., 2011] (see also Table 1) . The year of the earthquake occurrence is noted close to each red square. The dashed boxes "a" and "b" include felt earthquakes occurring at short and large distances. these events and the relative causative faults in the modeling to be conservative; however, for their size and distance it may be inferred that some of these events are unlikely hazardous for Naples (e.g., 1743 Basso Ionio; 1821 Catanzaro; 1826 Manduria, and 1979 Valnerina earthquakes).
Fault Data
In this section we describe the fault selection and the reasoning used in the compilation. The aim of this selection is to make the data suitable for the simulation of seismic catalogs. We associated a fault to each of Galadini et al. [2001] , and some specific published papers reporting more accurate or original geological data. When no documentation of fault/event is available in literature, we assigned the fault from scratch, according to local geomorphology and tectonics of the area and the magnitude of the event. The results are compiled in Table 2 , listing the causative faults for the events felt in the Naples area, the relative parameters, and the data sources. We also provide comments and additional details specific for the single faults. In general, since most of the earthquakes occurred in historical times, no robust data are available to determine the causative fault, the fault geometry, and mechanism (e.g., focal mechanism solutions). For this reason there are several cases where the association of event/fault and fault/parameters is not straightforward and then we discriminate based on our expertise. In case of inconsistency of the published data, we provide the alternative solutions always based on the geological and tectonic setting of the area. When this is the case, a single earthquake might be associated with more than one tectonic structure. Among these, the 30 March 1627 earthquake in the Gargano area is attributed to three faults with different locations and kinematics by different authors, i.e., the Apricena fault (code 7 in Table 2 ), the Apricena-Sannicandro fault (code 8 in Table 2 ), and the San Severo fault (code 14 in Table 2 ).
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The list in Table 2 also includes multiple events associated with the same causative fault. This is the case for the 8 September 1694 and the 23 November 1980 earthquakes that could have nucleated on the same seismogenic source. This source is here distinguished in Pescopagano 1 and Pescopagano 2 faults (codes 38 and 41c in Table 2 , respectively) since it ruptured differently during the two seismic events. In particular, the Pescopagano 1 fault, activated in 1694 as a single segment with greater dimensions (i.e., W and L parameters in Table 2 ), produced a larger magnitude event (M6.8), with respect to the one in 1980 (M6.3). We have also taken into account the fault systems, both as a single tectonic structure that generates large events and as that consisting of multiple active segments that generate individual seismic events. One in the list is the Monte Marzano Fault System (code 41 in Table 2 ), characterized by different rupture episodes that nucleated along three different fault segments during the 1980 earthquake sequence. Except for the antithetic segment (the Pescopagano 2 fault, code 41c in Table 2 ), the other two (the Colliano fault code 41a and the San Gregorio fault code 41b in Table 2 ) are part of the great fault system with an assigned total length of 37 km (adding the single segment extensions).
A distinct set of faults is compiled in Table 3 . It includes the faults from Cinque et al. [2000] lacking of earthquake data but supposed to be seismically active and close to the urban area of Naples ( Figure 1 ). These faults are thus potentially hazardous even for low-magnitude events. No historical or recent earthquake is assigned to any of these faults. In general, the faults in Table 3 show a greater length; therefore, they are possibly able to produce larger-magnitude earthquake and their hazard might be higher. In fact, we are aware that major magnitude events, larger than those in Table 2 , may be produced by the faults here considered, generating also different rupture dynamics. In order to take this into account, we include the longer Piana del Volturno fault (code b) and Maddaloni-Valle Caudina fault (code e) although already in Table 2 , differently named Cassino 2 fault (code 26) and Valle Caudina fault (code 32) and parameters.
Finally, based on our selection, the seismogenic potential of Naples and its surroundings is represented by 59 faults associated with seismic events occurring in historical and recent time ( Table 2 ) and 14 faults without any earthquake date associated ( Table 3 ). The whole set of faults is mapped in Figure 2 . The details on the data application of Tables 2 and 3 in the synthetic simulation of the earthquake catalogs are provided in section 3.1.4.
Methodology and Application
Different from the frequentist approach, in a Bayesian perspective, there is not a true value for the variables of interest, but they are represented by a probability density function (pdf ). The Bayesian inference is the instrument used to best estimate the parameters of that pdf. Practically, this is accomplished by merging a prior model for the variables with a set of past observations (y) in order to maximize the probability of having observed those data with that prior model in mind. The prior model is defined as [ ⃗ Θ] prior ,where ⃗ Θ is the vector Each fault has an identification code, and it is mapped with red color in Figure 2 . Legend: Lat: latitude (deg); Lon: longitude (deg); L: lenght (km); W: width (km); M w : moment magnitude; sd: standard deviation.
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10.1002/2016JB013507 A portion of this structure is associated with the 1720 earthquake (Cassino_2 fault, n. 26 in Table 2 ). Table 2 (red color lines) and in Table 3 (green color lines). These faults are coded as in Tables 2 and 3 where the parameters are listed.
of the variables, and the square brackets denote a pdf. The output of Bayesian inference is thus a posterior distribution ([ ⃗ Θ|y]) for the variables of the model. The practical way used for combining prior distribution and data is the Bayes theorem:
where [y| ⃗ Θ] is the so-called likelihood function (representing the probability of observing data y given parameters ⃗ Θ), and [y] is a normalizing factor accounting for the total probability of observing the data y. With Bayesian inference the uncertainty of ⃗ Θ is also provided. In particular, while the mean of the posterior pdf
10.1002/2016JB013507
represents a kind of best estimate given the intrinsic randomness of the process (aleatory uncertainty), its variance is an estimation of the epistemic uncertainty related to the limited knowledge of the process; see Gelman et al. [2000] for more details.
We apply a methodology similar to the one adopted in Selva and Sandri [2013] . The probabilistic hazard consists of assessing, given a certain location z and an exposure time ΔT, the probability that a certain value of shaking is exceeded, through the quantification of the seismic-hazard curve. The intensity measurement is the peak ground acceleration (PGA). Following Marzocchi et al. [2015] , this probability is interpreted as the long-term frequency of exceedance that could be measured after a large number of equivalent exposure time windows ΔT. The epistemic uncertainty on quantifying this frequency is then represented through a probability density function (pdf ). The assessment of such a pdf is here performed following a Bayesian inference scheme.
First, we focus on a generic target location, which we generically call z (we underline that such methodology may be applied to a set of different locations). We consider a discrete set of K PGA values in increasing order: 
whereŌ i corresponds to the case in which i is not exceeded. In equation (3), p(O i+1 |Ō i ) is always 0 since the probability to exceed i+1 is null if i has not exceeded. This leads to rewrite equation (3) as
where ⃗ Θ ′ i+1 is the conditional probability of O i+1 given O i . By iteration, equation (4) can be rewritten as
In the framework of Bayesian inference, the prior model represents our present reference states of knowledge of the process, which is then updated by the available information of past shaking (i.e., the likelihood) by means of Bayesian rules, to obtain the posterior probability. In this context, the prior model is represented by the PSHA assessment which can be updated by the shaking data on past earthquakes in the area.
The following sections focus on the description of the prior model, the likelihood, and the posterior distribution.
The Prior Model
The prior hazard model is evaluated by the probabilistic analysis of all possible seismic sources in the area around Naples. Several alternative models are adopted to parameterize the earthquake occurrence with the goal to analyze and quantify the variability in earthquake modeling. As mentioned in section 1, our uncertainty analysis focuses on the modeling of the earthquake occurrence and neglects the contribution of the GMPEs, which is left for future studies. The final result is presented in terms of median and percentiles (e.g., Stucchi et al. [2011] , for PSHA in Italy). In this work, we apply different models to define these earthquake distributions. These models are based on different hypotheses on the seismogenic process. In this way, we provide a much wider perspective of the problem, covering the possibility that a single model is not able to entirely explain the earthquake occurrence. The statistical modeling of the earthquake occurrence has been calculated adopting either the time-dependent earthquake models or the Poisson model. The inclusion of the time-dependent models is done considering both the short-term earthquake clustering of the seismicity-which could be relevant in medium-term hazard analysis, and the long-term behavior-which
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could play a role in long-term hazard assessment. The Poisson model has been included as a benchmark, because it is still widely used in the long-term seismic hazard analysis, as, e.g., in the Italian seismic hazard map . In total, we use five different models. For all of them, the time and space dependency among earthquakes is included into the hazard analysis via Monte Carlo simulations. In four out of five of the adopted models, the aftershock sequences are included, by using the Epidemic Type Aftershock Sequence (ETAS) [Ogata, 1988] model. The difference among the four time-dependent models is in the definition of the background, parameterized in one case using a Poisson model, and in the remaining three cases using the information on the statistical occurrence of known faults in the areas surrounding Naples, using the Brownian Passage Time distribution [Matthews et al., 2002] .
We evaluate the impact of the hazard for three exposure times: 5 years, 10 years, and 50 years. The statistical models describe the earthquake occurrence in terms of time, space, and magnitude. In each simulation and for each statistical model, we use the real instrumental catalog as input, updated at 11 April 2016, so each simulation takes into consideration the recent seismic history. In addition, for models that include fault data, the simulations are conditioned to the time of the last earthquake occurred on each fault. In this way, we have included the most recent seismic history in the earthquake modeling. The spatial distribution of the background activity is calculated by a spatial smoothing of declustered past seismicity; while the occurrence on fault is only considered for the Brownian Passage Time models (see below for details). To parameterize the size distribution, we adopt the Gutenberg-Richter (G-R) relation [Gutenberg and Richter, 1944 ] to all spatial scales and a wide range of earthquake magnitudes.
Once the earthquake probabilistic distribution is set up, the prior distribution of hazard assessment is evaluated by using Monte Carlo catalog simulations, where each catalog is intended as a representation of the real seismicity. To define the expected ground shaking, the GMPE is applied.
Monte Carlo Simulation
Following Beauval et al. [2006] and Faenza et al. [2007] , the evaluation of the probability of nonexceedance of a particular ground motion value during the exposure time is evaluated using Monte Carlo techniques. This use of synthetic catalogs is another way to calculate the probabilistic seismic hazard analysis [Rosenblueth, 1964; Musson, 1999; Smith, 2003; Giardini et al., 2004] .
In the conventional approach, the hazard at a site is evaluated by considering the ground motion from all possible damaging earthquakes that can occur in a region. In fact, in a time-independent study, the annual rate is sufficient to express earthquake occurrence. In this case, the seismic hazard can be computed in terms of annual rates of exceedance of selected acceleration levels (A ⋆ ) at the site of interest, using the relation [Ang and Tang, 1975] :
where is the annual rate of the target event and t is the time of interest. Using a Taylor series expansion for small t and truncated at the first term, the exceedance probability becomes approximated equal to the annual rate times t. Considering a time-dependent earthquake occurrence, the seismic hazard cannot be expressed in term of annual rate of earthquake occurrence any longer.
In Beauval et al. [2006] and Faenza et al. [2007] , the Monte Carlo techniques are applied to the study of the temporal behavior of earthquakes, in particular, to estimate the impact of the Poisson hypothesis on seismic hazard versus a time-dependent behavior of seismicity, either in the short term or long term. This approach is further utilized in the present study. For the evaluation of the hazard, a sufficient large number of synthetic catalogs (N) of time duration t is generated. For each catalog, a set of ground motions is evaluated. The probability of nonexceedance of a level A ⋆ of ground motion at a specific site in the time t is computed by counting the intervals in which A ⋆ did not occur
where N is the number of catalogs of time duration t; H is the Heaviside function, and A max,i is the maximum ground motion value that occurred at the site of interest during the ith catalog of time duration t. The complement of P(A ⋆ ; t), i.e., 1 − P(A ⋆ ; t), is the probability that A ⋆ is exceeded at least once in the time period t. An alternative way to estimate the probability of nonexceedance is to consider directly the empirical density function of the maximum acceleration values A max,i . Each probability of nonexceedance is identical to the corresponding percentile of this distribution (further details in Beauval et al. [2006] and Faenza et al. [2007] ).
The ETAS Catalogs
The inclusion of the aftershock activity into the analysis is done through the ETAS model-Epidemic Type Aftershock Sequence. The ETAS model is a stochastic marked point process for the representation of the
Journal of Geophysical Research: Solid Earth
10.1002/2016JB013507
occurrence of earthquakes of size larger than or equal to a threshold magnitude, in a given region and period of time [Ogata, 1988] . Among the few spatiotemporal models proposed in literature, the ETAS model is by far the most frequently applied, and in some cases, it has been defined as the best way to describe short-term seismicity [Console et al., 2007; Zhuang et al., 2011 Zhuang et al., , 2013 since its formulation in 1988 by Ogata [1988] . It assumes that there is no difference in triggering seismicity among foreshocks, main shocks, and aftershocks, and each event triggers its own offspring independently according to some probability rules. It works by considering the seismicity as the superposition of seismicity induced by previous events on the background. The hazard rate of the ETAS model is defined as
where is the background rate (unit of time) of the seismicity and represents the tectonic loading, while the cascade of aftershocks is described by the empirical Omori-Utsu law [Utsu et al., 1995] , (t + c) −p , with t being the time from the occurrence of the main shock. The probability density function of the triggered events is parameterized as a long tail inverse power law with a magnitude-dependent length scale D i = d 0 10 m i . The parameter is a measure of the efficiency of a shock in generating aftershock activity and relative to its magnitude; K 0 represents the productivity of an event of threshold magnitude m 0 . A complete description can be found in Ogata [1988 Ogata [ , 1998 .
For the joint inversion of the eight parameters we use the data in the ISIDe database (the Italian Seismological and Parametric Data Base) [ISIDe Working Group, 2010] for shallow events (depth ≤ 30 km) in the time period 2005-2016 (11 April) for a large area, from the Central Apennines to the Calabrian Arch (Figure 3 ). This area covers the epicenters of the earthquakes felt in Naples, as analyzed in Faenza et al. [2013] . We use m 0 = 2.9 for which the data set is complete based on the G-R relation (Figure 3) . The fit of the eight parameters of the ETAS model yields: = 0.1256 d −1 ; p = 1.1071; c = 0.0170 day; K 0 = 0.0209; = 0.7084, q = 2.1996; d 0 = 0.3617; and = 0.1947, according to the procedure of Zhuang et al. [2004] , where the spatial inhomogeneous background rate and the ETAS parameters are simultaneously estimated based on an iterative procedure. The parameter b of the G-R relation is 1.08 ± 0.03.
We will refer to the catalogs generated by using the ETAS model as the ETAS catalogs. In each instance, events are simulated sequentially: first, the time, then the magnitude, and the epicentral coordinates. The maximum magnitude is set to M w 7.5 following the Stucchi et al. [2011] for these areas. We are aware of the problems regarding the definition of the maximum magnitude as deeply analyzed by Zöller and coauthors [Zöller, 2013; Zöller et al., 2013] . Tests with maximum magnitude 8.0 have provided similar results.
A Gaussian distribution is used for the spatial smoothing of the background rate, with fixed standard deviation of 20 km, in a grid with 0.05 ∘ spacing. To smooth each location of the grid, we use both instrumental and historical catalogs, since the seismicity of the last 11 years could not be representative of the (spatial) distribution of large earthquakes. The historical events are taken from Grünthal and Wahlström [2012] catalog, which is assumed to be complete for South Italy since 1650 for M ≥ 5.0. Each event is weighted by its probability to be a background event: for the instrumental catalog this probability results from the ETAS parameters [Zhuang et al., 2004] , while for the historical events this probability is always set to 1; e.g., all the historical events are assumed to be main shocks. The depth of the events is set to 10 km for simplicity. This will not effect the results since the GMPE implemented uses the R jb distance, which is distance to the vertical projection of the fault to the Earth's surface The simulated catalogs are in M l ; to apply the GMPE we first convert M l in M w using the regression analysis of Gasperini et al. [2013] .
The Poisson Catalogs
The Poisson catalogs are defined as the background events of the ETAS catalogs. The Poisson model has only one parameter, the rate parameter, which is the inverse of the mean of the distribution. In this application, we have set the background rate = 0.1256 per day according to the ETAS estimations. For the spatial distribution of the background events, we use the same smoothed spatial grid adopted for the ETAS model, which combines the location of the instrumental and historical earthquakes, through a Gaussian filter in a 0.05 ∘ spaced grid.
The Brownian Passage Time Catalogs-BPT Catalogs
To account for the inclusion of occurrence of large earthquakes on major faults, we adopt the Brownian Passage Time (BPT hereinafter) distributions [Matthews et al., 2002] . We choose the BPT distribution since it is a statistical representation of Reid's elastic rebound theory. BPT distribution has been developed with the dual aim to make a connection between the rebound theory and the real distribution of interevent data, and to build up a physically motivated renewal model for earthquake recurrence. In BPT model, the constant tectonic loading is superimposed by a Brownian perturbation, which makes the stress loading a Brownian relaxation oscillator (BRO). The Brownian perturbation could be interpreted as a physical representation of the fault interactions leading to external perturbations of the stress loading on the fault. In the BRO model, a new earthquake will occur when a state variable (or a set of them) reaches a threshold (X f ), it relaxes the load state to the characteristic ground level (X 0 ) and begins a new cycle. In the BPT model, the loading of a fault is the composition of two elements: a constant-rate loading component, t, and a random component, (t) = W(t), as a Brownian motion (where W(t) is a standard Brownian motion and is the nonnegative scale parameter). The standard Brownian motion is simply the integration of stationary increments where the distribution of the increments is Gaussian (which might be motivated by central-limit arguments if the perturbations are considered as the sum of many small, independent contributions), with zero mean and constant variance: The BRO model belongs to the family of stochastic renewal processes identified by four parameters: the mean loading (drift) rate ( ); the perturbation rate ( 2 ); the ground state (X 0 ); and the failure state (X f ). The recurrence properties of the BRO (interevent times) are described by a Brownian passage time distribution which is characterized by two parameters: the mean recurrence time ( ) and the aperiodicity ( ) of the recurrences which is equivalent to the coefficient of variation ( = ).
Tables 2 and 3 list the tectonic structures considered in these simulations. In the case where the mean value is missing, we choose = 3000 years. The aperiodicity is the shape parameter of the distribution, because its value changes the width of the distribution. Smaller values of the aperiodicity correspond to a more regular temporal behavior of the sequence, with a nearly symmetric density function where the central value is close to the mean. On the contrary, larger values produce more random occurrence, with a density function skewed to the right and sharply peaked at a value left of the mean [Matthews et al., 2002] . Due to the scarce knowledge of the activity on individual faults, it is not possible to estimate the aperiodicity. Therefore, we decide to work with three distinct values: 0.3, 0.5, and 0.7, in order to range different possibilities in cycling earthquake occurrence. In the simulation, we first simulate the background events and then for each event its own aftershocks sequence. The rate of on-fault events with M l ≥ 6.5 is comparable with the one expected from the Poisson rate. For smaller sizes the fault data base is incomplete and the on-fault BPT background events are consequently also not complete, so we added Poisson type events for M l < 6.5. For the spatial distribution of the latter events, we used the same smoothed spatial grid as for the Poisson catalogs. We called these catalogs BPT catalogs; for their generation, we follow the same procedure as before for the ETAS catalogs, modifying only the background events. Specifically, we have generated BPT earthquakes on each single fault, adding some randomness in the magnitude occurrence, by sampling the magnitude from a G-R law, in a range of magnitude of ±0.5 magnitude units. This is done for each single fault in Tables 2 and 3 . In addition, as described in section 2, there are some debated structures. To include this aspect in the hazard, we have generated the synthetic catalogs using the different options in the tables as alternatives. Since we consider the uncertainties of the alternative model, the cumulative fault data set, as described in Tables 2 and 3 , changes in each simulation.
Simulations
As target locations we consider the dense grid of 200 m spacing on the municipality of Naples, for a total of 2962 points covering a spatial area of almost 120 km 2 . For the calculation of the hazard, a sufficient large number of catalogs (20,000) of 5, 10, and 50 years of duration is generated. For each M w ≥ 4.0 earthquake, the peak ground acceleration value at the site of interest is calculated by using the Akkar and Bommer [2010] ground motion relation. M w = 4.0 is the threshold magnitude for this ground motion relation. The log(PGA) value was chosen randomly from a Gaussian density function with a standard deviation truncated at three standard deviations. In Figure 4 for the Poisson catalogs. The probability of nonexceedance can be deduced directly from this figure, and it corresponds to the percentile of the distribution [Beauval et al., 2006; Faenza et al., 2007] . For instance, 90% of probability of nonexceedance corresponds to the red line and 50% of probability to the green one. Figure 5 shows the a priori model for the Bayesian hazard analysis for exposure time of 50 years. Qualitative similar results are obtained for a time interval of 5 and 10 years (see supporting information). The values of the Poisson model are smaller since the exclusion of the aftershocks activity, confirming that the declustering of the catalog in seismic hazard analysis implies an underestimation of the hazard [Faenza et al., 2007] . The results are slightly smaller than those obtained by the seismic hazard map of Italy , in which the area of Naples has a PGA range of 0.150-0.175 of 10% probability of excellence in 50 years. The BPT models with aperiodicity of 0.7 and 0.5 show the highest hazard values in all exposure time. The BPT model with aperiodicity of 0.3 has smaller values compared to the other two BPT models. This could imply that, given a very regular behavior of the occurrence of large events, the faults near Naples are in the cycling phase far from the nucleation of the next event.
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These five hazard models are then included in a single model via Beta distribution, to construct the prior model for the Bayesian approach. In detail, for each exposure time ΔT and location z we calculate the probability of exceedance of the hazard for each i in equation (2). Equation (5) calculates the conditional probability [Θ ′ i ] to exceed the hazard value i subject to have reached the PGA value i−1 . We obtain five estimations of Θ i , one for each prior model; and we shape them using Beta distribution that best fit the data:
We use a Beta distribution for the prior pdf as it is appropriate for describing a probability, since its domain is the interval [0, 1].
The Likelihood
The data used to update the prior distribution are the information on past shaking on Naples. Faenza et al. [2013] have analyzed the shaking of Naples using the most up-to-date catalogs and database. They have found completeness in the shaking for two levels of macroseismic intensity, I ≥ 4 and I ≥ 6, which correspond to level "felt" and "damage" in the intensity scale, respectively. They also used two distinct methodologies to calculate the completeness. One is based on statistical criteria and the other on historical analysis [Faenza et al., 2013] . For the historical completeness, the temporal threshold is 1500 and 1300 for I 4 and I 6 , respectively, while for the statistical one is 1550 and 1420. The details of these calculations are explained in Faenza et al. [2013] . We proceed considering these four options independently and merging them at the end of the Bayesian procedure, adopting an ensemble model.
The natural choice for the likelihood function is the binomial distribution, because we use past observations as counts of occurrence or lack of occurrence, successes, or failures, i.e., a Bernoulli trial scheme. The complete time periods of the four likelihoods are divided into chunks of 5, 10, and 50 years, e.g., the three different exposure times, starting from the beginning of the completeness. The assumption substantiating this choice is that past observations are independent trials (which is true within each of the four sets of data based on different completeness methodology and intensity threshold) and can be seen either as a success or a failure. For i > 1, we use the following definitions: 1. Trial: a time window in which i−1 is overcome at least once. 2. Success: i has been overcome at least once in the Trial time window. 3. Failure: i has never been overcome in the Trial time window.
The total number of trials is then the number of time windows in which i−1 is exceeded. For i = 1, given the definition of [ ⃗ Θ 1 ], the success or failure is not conditioned to the occurrence of smaller intensities, so that each time window is a trial and success or failure based on the overcoming or nonovercoming of 1 in it. Therefore, in this case, all the time windows are counted as trials.
For each earthquake in the temporal window of completeness, the ShakeMap specifically implemented for Naples is computed; Faenza et al. [2013] explain the tools used in terms of ground motion prediction equations and site conditions; these choices are in agreement with the one implemented in the Monte Carlo simulations. These ShakeMaps are calculated including the data available for the event under analysis, the macroseismic field and/or the instrumental records, for the most recent events. We decide to relay on shake maps rather than on raw data since the interpolation scheme used in the ShakeMap code is able to balance and weight different sources of information (e.g., macroseismic and instrumental data, site effects) and to reproduce a shaking field in the dense grid under study. The ShakeMaps are computed in the same dense grid used for the prior model and are evaluated in terms of macroseismic intensity and PGA values, in rock site or using the site amplifications. In practice, we divide the temporally complete part of the catalog into nonoverlapping time windows with a duration ΔT (e.g., 5, 10, and 50 years). For the generic PGA value i , we evaluate the number of successes (n i ) and of trials (N i ). Once the likelihood has been set up, the posterior distribution is calculated following the conjugacy propriety of the beta distribution [Gelman et al., 2000] . In detail, for each ith value of ground shaking i , the distribution is
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= Beta( i + n i , i + n i−1 − n i ) It is noteworthy that the inference process allows reduction of the epistemic uncertainty content of prior models by constraining the posterior hazard to the information from past observations. When such data are not available, the epistemic uncertainty of prior models remains untouched. Note also that the decrease in uncertainty gained by including the information from past observations will be larger for low PGA values and smaller for high ones.
Figures 7 and 8 show the hazard maps of 10% of probability of exceedance in 50 years for the four posterior models, based on the four different likelihood data, for rock soil and considering the soil classification. Figure 7 shows an increase in the hazard maps after the inclusion of the past shaking data, for all the four likelihoods. In Figure 8 , as already noted in Faenza et al. [2013] , the role of site effect is dominant. For comparison, Figure 9 shows the site effect adopted in Faenza et al. [2013] : it is visible how the hazard maps with amplification effects follow the same patterns as the microzonation. The inclusion of the site effects increases the values of the hazard estimated on rock site, because of the soil amplification factors. This is especially evident in the area of the harbor (zone 4 in the Figure 9) , characterized by alluvial pyrochastic deposits and sea sand. Figure 10 shows the ensemble model of the four posterior distributions for the rock and soil condition, in which the four models are merged into an ensemble [Marzocchi et al., 2015] through a weighted statistical mixing [e.g., Ray and Lindsay, 2005] of the four available posterior distributions. In this case, since we do not want to express a preference among the four alternatives, so we set equal weight to all of them. The supporting 10.1002/2016JB013507 Figure 10 . Ensemble model as the 10% probability of exceedance in the next 50 years, for (left) rock type of soil and (right) including soft soil. Figure 11 . Change of the posterior ensemble hazard maps relative to the prior hazard maps for the three exposure times.
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10.1002/2016JB013507 information shows the same analysis but for 5 and 10 years exposure time. The only remarkable difference in the 5 and 10 year analyses, compared to the 50 year one is that the posterior hazards for the intensity I s 6 (both completeness) are smaller compared to the one of intensity I s 4. The reason could be that I s 4 intensity includes smaller events, but closer to Naples, which have not reached the values of I s 6 and with smaller shaking values able to influence the 10% probability of exceedance in 5 and 10 years. Figure 11 compares the hazard of the posterior ensemble model with the one of the prior model (e.g., Posterio Ensemble Model−Prior Model Prior Model × 100) for the rocky soil. The results show that the inclusion of the past shaking increases the hazard of about 8-10% for the three exposure times.
Conclusion
In this work we have applied a Bayesian strategy to calculate the seismic hazard for the city of Naples. We started from the evaluation of the prior models adopting five different statistical models for the earthquake occurrence. We then used the most up-to-date macroseismic data base as likelihood to constrain the prior model, adopting four different temporal-magnitude windows of completeness as likelihood data. Lastly, the four posterior models are combined through the ensemble modeling. The advantage of this approach is the description by means of a pdf of all outcomes of the analysis, with a full description of the aleatory variability and epistemic uncertainties. Remarkably, the hazard values are in line with the ones in MPS04 , even if it is difficult to make a comprehensive comparison of the two products because of the difference in the spatial scale and in the binning of the hazard values. The inclusion of the likelihood data results in an increase of the hazard value of about 8-15% in the hazard maps. The final product of this work can be easily included in the loss estimation analysis adopting the same software tool for the Bayesian analysis.
